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Abstract. Anecdotal evidence provides overwhelming support to the belief that
sophisticated real estate investors proﬁt by timing long-run real estate cycles. This article
examines the investment performance beneﬁts that sophisticated investors may derive
from short-run cycles in real estate, speciﬁcally, through the publicly traded real estate
markets. Using a simple strategy that ﬁlters out noise in real estate investment trust
(REIT) price reversals, this study shows that a contrarian strategy is many times more
proﬁtable than the associated execution costs. Furthermore, the study demonstrates that
the REIT market has been sufﬁciently liquid to execute this trading strategy. This last
point is directly related to the ﬁlter strategy since only REITs with large price movements
satisfy the hypothetical investor’s selection criteria.
Introduction
Academic research has identiﬁed a predictable pattern of overreaction behavior in real
estate investment trust (REIT) returns, though questions remain whether these price
reversals can be economically exploited (Mei and Gao, 1995). Yet, if a predictable
component exists within future returns, sophisticated real estate investors should reﬁne
their trading strategies to exploit these short-term reversals. This article examines such
a reﬁnement and employs a simple trading rule that ﬁlters out marginal price
movements to more accurately reﬂect the trading behavior described in DeBondt and
Thaler’s (1985) overreaction hypothesis.
This article highlights two essential features of DeBondt and Thaler’s overreaction
hypothesis. The ﬁrst characteristic emphasizes the direction of price movement and
proposes that extreme movements in REIT prices will be followed by extreme
movements in the opposite direction (i.e., price reversals).1 The second feature
emphasizes the magnitude of price changes and states that the more extreme the initial
movement in a REIT’s price, the greater will be the subsequent price reversal. These
features become the hypotheses as this study tests for economically exploitable proﬁts
from a contrarian trading strategy that takes long (short) positions in REITs that
experience extreme price declines (increases) during the previous trading period.
Additionally, the current concept of exploitation is potentially more robust than the
prior literature’s criteria for economic signiﬁcance, since this study investigates
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whether REIT liquidity is sufﬁcient for an investor to execute a contrarian trading
strategy that ﬁlters out marginal price-movements.
A contrarian strategy may be intuitively appealing for a real estate investor since it is
based on speciﬁc characterizations of the general investment community. Substantial
documentation exists that real estate markets overreact, and DeBondt (1995) presents
an interesting overview of real estate cycles from the perspective of the investor
psychology literature. However, transaction costs in the direct property markets
generally preclude short-term ﬂipping strategies. It is also impractical to construct a
short position in the property markets to take advantage of situations where prices
deviate too far above market fundamentals. For these reasons, sophisticated real estate
investors are more likely to implement a short-term trading strategy in the publicly
traded real estate markets.
To test for the economic viability of REIT market overreaction, portfolios are formed
based on a ranking of the REITs’ returns from the previous week. The ranking is
determined by a ﬁlter-rule designed to boost the signal-to-noise ratio in the real estate
security selection process. The portfolio construction process involves both features
of the DeBondt and Thaler overreaction hypothesis. The hypothesis’ﬁrst characteristic
is addressed by taking either a long- or short-position in a security based on the
direction of its price movement. Importantly, a security is included in the portfolios
only when it passes one of the ﬁlter levels that categorizes REITs by the magnitude
of their previous week’s return. This approach to portfolio construction taps into the
non-linearity of investor overreaction since extreme returns from the previous week
are more likely to identify proﬁtable securities. In this manner, this study incorporates
the second feature of the overreaction hypothesis.
The ﬁndings of REIT overreaction are consistent with DeBondt and Thaler’s original
hypothesis. Speciﬁcally, weekly proﬁts are found in excess of 1% over the return from
a buy-and-hold strategy. Strikingly, weekly excess proﬁts rise to 2% from portfolios
produced with the ﬁlter levels that capture more extreme price movements. Over a
portfolio horizon that spans a year, these proﬁts reach as high as 50% demonstrating
the consistency of the trading strategy compounded over multiple periods. Finally, the
trading strategy is shown to be proﬁtable on an after-transaction-cost basis and is
exploitable from an execution or a trading perspective.
Review of the Literature and Methodologies
The literature on the predictability of real estate returns has evolved and focused on
different attributes of return characteristics. From a returns frequency perspective, the
vast majority of real estate security studies have focused on monthly returns.2 Two
exceptions to this observation are Mei and Liu (1994), which examined quarterly
returns and Mei and Gao (1995), which used weekly returns. The results for real
estate securities are consistent with all ﬁrms in that returns on portfolios and individual
stocks appear to have a predictable component. The literature typically documents
negative autocorrelation in individual security returns and positive autocorrelation in
portfolio returns. However, these studies may also be categorized by their efforts toREAL ESTATE SECURITIES AND A FILTER-BASED, SHORT-TERM TRADING STRATEGY 315
identify the source of predictability with possible explanations including market
inefﬁciency, investor irrationality, time-varying risk premia and assorted market
imperfections.
Lehmann (1990) examined predictability for all publicly traded ﬁrms in a framework
that attempts to eliminate time-varying risk premia as a source of predictability.
Speciﬁcally, he examined short-term (weekly) stock returns and argued that the risk
premia should not change signiﬁcantly in such a brief period.3 Lehmann contended
that if returns exhibit predictable reversals, then it must be due to market inefﬁciencies.
This is the empirical approach adopted by Mei and Gao (1995) who also formed zero-
cost arbitrage portfolios by selling last week’s winners and buying last week’s losers.
By forming costless and presumably riskless arbitrage portfolios and searching for
non-zero proﬁts, Lehmann claimed to avoid the joint hypothesis problem inherent in
tests of market efﬁciency. For Lehmann to document market inefﬁciency, it was
sufﬁcient to show non-zero arbitrage trading proﬁts. He found annualized returns of
15.4%–42.7% after adjusting for commission costs with the greatest overreaction
proﬁts emanating from small-capitalized stocks. In comparison, Mei and Gao,
observed annualized proﬁts of 39.1%–46.7% from their sample of REIT securities.
Lehmann’s work, in turn, motivated several studies addressing short-term overreaction.
Lo and MacKinlay (1990) decomposed the overreaction proﬁts into the negative
autocorrelation of individual securities and the positive covariances of individual
securities with the market. They showed that up to 50% of overreaction proﬁt was
due to lagged forecastability across large and small securities. Similar to Lehmann,
Lo and MacKinlay found the greatest magnitude of proﬁt on small-capitalized stocks.
Conrad, Gultekin and Kaul (1997) examined short-run contrarian strategies similar to
Lehmann and Mei and Gao and assessed the importance of bid-ask bias and risk.
They observed that proﬁts are eliminated when the analysis includes risk and
transaction costs.
Overall, these studies contend that short-term overreaction is not an economically
signiﬁcant phenomenon. This conclusion is consistent across the broader ﬁnancial
economics literature as well as for real estate securities. The ﬁndings on small stocks,
which partially characterizes Mei and Gao’s sample, are clouded by microstructure
issues, and the results on larger capitalized stocks disappear after incorporating
plausible transaction costs. The central difference between these earlier studies and
this article is that the current study constructs portfolios using a ﬁlter strategy based
on the previous week’s gains or losses to determine whether a REIT is included in a
short or long portfolio.
Determining Returns with a Filter-based Strategy
This article modiﬁes the overreaction portfolio formation methodologies used in past
papers in order to address the economic viability of trading rules based upon
‘‘predictable’’ REIT price movements. This methodology boosts the ‘‘signal-to-noise’’
ratio of the security selection process that forms contrarian portfolios by using ﬁlters
that screen on the magnitude of past price movements.4 Unlike earlier studies, this316 JOURNAL OF REAL ESTATE RESEARCH
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article’s methodology does not invest in all securities, but only those securities whose
price last period moves up or down by at least a certain level. The ﬁlter level places
restrictions on the minimum unadjusted return required for a security to be included
in a long-position or short-position portfolio. Securities are deﬁned as losers (winners)
if the past period’s returns decrease (increase) by the amount of the ﬁlter level. Next,
equally weighted long (short) portfolios are formed of losers (winners). Statistically
signiﬁcant positive returns to both the long and short portfolios are taken as evidence
of predictable reversals.
Previous overreaction studies typically employ a portfolio formation method that did
not screen on the magnitude of lagged-returns. For example, DeBondt and Thaler
(1985) included the top (bottom) thirty securities in winner (loser) portfolios in every
portfolio formation period regardless of the return magnitude. Similarly, studies in the
short-term reversal literature form portfolios by investing in all securities in their
sample, giving greater weight to securities with relatively-larger, cross-sectional
returns for the prior period (Lehmann, 1990; Lo and MacKinlay, 1990; Mei and Gao,
1995; and Conrad, Gultekin, and Kaul, 1997). Yet these studies may be obscuring the
impact of investor overreaction by not screening the securities before they are grouped
into long and short portfolios.5 In contrast, the use of ﬁlters in the security selection
process results in a REIT being included in a long (short) portfolio of past losers
(winners) only if its previous week’s return moved down (up) by a speciﬁed level.
A Simple Filter-rule Methodology
This article uses a ﬁlter rule where the previous week’s returns are used to predict
future returns by forming contrarian portfolios of REITs. Speciﬁcally, if a REIT return
is negative (a loser) the hypothetical investor takes a long position in the security in
anticipation of a subsequent price reversal. Likewise, a short position is taken when
a REIT’s return is positive (a winner) in the past week.
Past week’s returns are classiﬁed as winners or losers using the following criteria:
loser if 2 k*A . R $ 2 (k 1 1)*A k*A i,t21
For k 5 0 , 1 ,... ,4 : H
winner if k*A # R , (k 1 1)*A k*A i,t21
Return states 5
loser if R ,2 k*A 5 k*A i,t21
For k 5 5: H
winner if R $ k*A k*A i,t21 (1)
where:
Ri,t 5 The return (unadjusted) for security in week t;
k 5 The ﬁlter counter that ranges from 0, 1, . . . 5; and
A 5 A parameter equal to 2%.
The ﬁlter breakpoints span the distribution of past returns in equally sized ranges to
generate maximum dispersion in the return distributions. Speciﬁcally, the return ﬁltersREAL ESTATE SECURITIES AND A FILTER-BASED, SHORT-TERM TRADING STRATEGY 317
start at 0% and increment in steps of 2%, to a maximum (minimum) of positive
(negative) 10% for short (long) ﬁlters. The securities whose previous week’s returns
meet the ﬁlter constraints are formed into equally-weighted portfolios during week t.6
All portfolios are held for a period of one week and then liquidated. The resulting
portfolios’ mean returns are calculated for weeks in which non-zero positions are held.
If mean returns of the portfolios are signiﬁcantly different from zero, this is taken as
evidence in favor of return predictability. Thus, the null hypothesis of no predictability
is that the mean return of a portfolio equals zero.7
An important statistical innovation in this article involves the use of moment
conditions for hypothesis testing. The study estimates moment conditions with a
generalized method of moments (GMM) estimator (Hansen, 1982). This approach
makes use of Newey and West (1987) weights on the variance-covariance matrix to
compute the mean and standard errors of the time series of trades for each portfolio
and to perform comparisons between the means of different strategies. Comparing the
mean returns in a GMM framework has the advantage of controlling for
contemporaneous and time series correlations in the portfolio returns.
Using return ﬁlters to form portfolios results in two main differences with the portfolio
selection techniques of earlier overreaction papers. First, the use of the ﬁlter rules
results in certain weeks in which no portfolios may be formed. The ﬂexibility of not
being invested in certain weeks may be an important source of proﬁts. Second, by
varying the ﬁlter level, this article examines how the degree of return reversals changes
as the ﬁlter levels vary in magnitude. Previous short-term overreaction articles do not
allow for this type of analysis since their portfolio formation rules require investing
in all securities in their sample at all times.8 The ﬂexibility in this study’s analysis is
important because it permits the empiricist to examine the degree of return reversals
conditioned on larger lagged-returns. The results show that the sample of real estate
ﬁrms experiences greater reversals for both long- and short-position portfolios at ﬁlter
levels of greater magnitude. This ﬁnding is evident only because the methodology can
screen securities for larger past price movements that may be more prone to greater
overreaction and to eliminate securities that experienced smaller lagged-returns and
would more likely be noise to a contrarian strategy. This approach is particularly
appealing since the use of ﬁlters reﬂects what a contrarian investor would do when
forming portfolios based upon the magnitude of price changes.
Potential Returns and the Art of Execution
The Data
The data set is constructed from all publicly-traded REITs, as identiﬁed by the
National Association of Real Estate Investment Trusts. From this universe, 301 REITs
exist on the CRSP ﬁles for the period 1973 through 1995, although, there is
considerable variation in the length of the return series across securities. REITs are
included in the sample for week t if they trade in each of the previous ten trading
days. Consistent with previous studies, the weekly returns are constructed from
Wednesday to Wednesday closing prices.318 JOURNAL OF REAL ESTATE RESEARCH
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Exhibit 1
Summary Statistics
Mean Median Std. Dev. Min. Max. r1




0.20 0.0 3.53 240.30 96.30 23.24
(11.40)




119.0 57.2 168.0 0.02 1,760.0
Price
($ per share)
15.43 13.75 8.95 5.00 132.00
This exhibit provides summary statistics for the sample of REITs (N 5 310) from 1973 through
1995. Five day return is a Wednesday-to-Wednesday close weekly holding period return. Four-day
return is a skip-day Wednesday-to-Tuesday close four-day holding period return. Stocks with prices
less than $5 per share are excluded from the sample. The mean, median, and standard deviation
of capitalization and price are calculated across time and across securities. The statistic r1 is the
average ﬁrst-order autocorrelation coefﬁcient of weekly returns of individual stocks. The population
standard deviation is given in parentheses. Since the autocorrelation coefﬁcients are not cross-
sectionally independent, the reported standard deviations cannot be used to draw the usual
inferences; they are presented as a measure of cross-sectional variation in the autocorrelation
coefﬁcients.
Exhibit 1 provides descriptive statistics for the REIT sample. The average market
value of equity over the entire sample period is $119 million, while the mean share
price is approximately $15.4. This article excludes from its sample all REITs with a
share price less than $5 as a precaution against bid-ask bounce effects. The cross-
sectional average of weekly autocorrelation coefﬁcients for individual securities is
27.07% at the ﬁrst lag and 22.77% at the second lag. Though the negative
autocorrelation is consistent with overreaction behavior for individual stocks, it may
also indicate the effects of a bid-ask spread.
To ensure that the data and test results are not overly affected by spurious reversals
emanating from a bid-ask bounce (Roll, 1984), this article also employs four-day
‘‘skip-day’’ returns in the portfolio formation week. Since this study employs CRSP
data, which only contain closing prices and not closing bid-ask spreads, it is possible
that the last transaction for a loser (winner) stock may be reported at the bid (ask)
price. If, on the average, 50% of the securities in the loser (winner) portfolio move
to the ask (bid) price at the end of the next week, then this will result in the appearance
of greater proﬁts to the reversal strategies than actually exist. A common remedy for
this problem involves constructing ‘‘skip-day’’ returns in the portfolio formation
period. The skip-day returns are formed from four-day Wednesday-close to Tuesday-
close returns. Thus, spurious reversals due to the bid-ask bounce are removed when
the last day’s return prior to the trade week is dropped from the portfolio formationREAL ESTATE SECURITIES AND A FILTER-BASED, SHORT-TERM TRADING STRATEGY 319
period. The weekly autocorrelation of 23.24% for the four-day (skip-day) return is
presented in Exhibit 1. The magnitude of this statistic strongly suggests that negative
autocorrelation induced by the bid-ask spread is not primarily responsible for the
negative autocorrelations exhibited in the full weekly returns.
In addition, since the weights placed on individual securities used to form portfolios
are based on unadjusted or not-market-adjusted returns, the proﬁts to the ﬁlter-based
strategies should not emanate from index autocorrelation.9 In other words, since the
current method employs weights conditioning on raw returns, the proﬁts from this
ﬁlter strategy are based on individual security autocovariances and individual security
unconditional mean weekly returns. The mean return or average weekly unconditional
return of the REIT sample is 0.27%, which is analogous to the return generated from
a buy-and-hold strategy for the analysis period. This unconditional return is relatively
small compared to the magnitude of the proﬁts from many of this article’s ﬁlter
strategies, suggesting that the primary source of predictability is indeed individual
security autocovariances.
Returns to a Contrarian Strategy
Exhibit 2 reports the average weekly returns to the contrarian, ﬁlter strategies for the
prior week’s losers and winners. Panel A (B) presents the strategy of buying last
week’s losers (winners) based on full ﬁve-day t 2 1 weekly returns, and the strategy
of buying last week’s losers (winners) based on the skip-day (four-day) t 2 1 returns.
The proﬁt ﬁgures reported throughout are for positive investments. Hence, reversals
in the short portfolios appear as negative returns and reversals in the long portfolios
appear as positive returns.
A striking feature of Exhibit 2 is the magnitude of the portfolios’ weekly returns,
especially at the higher ﬁlter levels. Greater magnitudes of reversal emerge as the
ﬁlter levels increase across both the long and short portfolio strategies. The long
strategies’ average weekly returns begin at 0.20% (t-Statistic 5 2.7) for the strategy
using the 0 to 22% previous week’s return ﬁlter and increase steadily to a 2.20%
weekly return (t-Statistic 5 6.3) at the less than 210% ﬁlter.
The short-position strategies also exhibit greater reversals as the ﬁlter levels are raised.
For example, the average weekly returns for the short-position strategy start out at
0.19% (t-Statistic 5 3.6) for the 0 and 2% ﬁlter and decrease to 20.38% (t-Statistic
52 1.7) for the greater than 10% ﬁlter. The t-Statistics of the short-position strategies
are smaller than the long-position strategies and generally do not indicate signiﬁcant
reversals. The clear asymmetry between the magnitude and statistical signiﬁcance of
reversals for past losers and winners is consistent with ﬁndings in other short-term
predictability papers. The ﬁndings in this study are also consistent with much of the
ﬁlter literature that observes that short positions for various holding periods are usually
not as proﬁtable as long positions (Brown and Harlow, 1988; Sweeney, 1988; Bremer
and Sweeney,1991; and Cox and Peterson, 1994). These results are also consistent
Downs, Hartzell and Torres (1997) ﬁnding that REIT price adjustments respond more
quickly to positive announcements than to negative information. Their study supports320 JOURNAL OF REAL ESTATE RESEARCH













































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































.REAL ESTATE SECURITIES AND A FILTER-BASED, SHORT-TERM TRADING STRATEGY 321
the claim that real estate investors face short-selling constraints in the public and
private markets. Hence, downward transaction prices change more slowly than they
do in up-markets.
While the results thus far suggest proﬁtable trading opportunities through a
combination of contrarian and ﬁlter techniques, some concern remains about the
impact of the bid-ask bounce and other microstructure problems on the results. For
example, at extreme ﬁlter levels, unusual securities may be selected, such as those
with large bid-ask spreads. As discussed previously, large conditional bid-ask spreads
may result in extra proﬁts to the ﬁlter strategies that emanate from a bid-ask bounce
(Roll, 1984). Thus, Exhibit 2 also presents results for portfolios formed from
conditioning on skip-day returns in the formation period.
The results for the skip-day returns are presented with the ﬁve-day returns in Exhibit
2 for ease of comparison. The skip-day long- and short-position strategies yield lower
proﬁts than the strategies that employ a full ﬁve-day conditioning period. Interestingly,
the pattern of predictability among the short-position skip-day portfolios appears to
be more suggestive of a continuation in prices.
While the skip-day results are not as strong as the ﬁve-day results, there is evidence
that an investor may be able to open positions in the skip-day strategies facing a
smaller effective spread than for the non skip-day strategies. Lee, Mucklow and Ready
(1993) show that on the ﬁrst day following large information events, the effective
spread does indeed increase. However, they ﬁnd that on the second day after the event
the effective spreads drop (p. 367, Table 5).
Additionally, the ﬁlter strategy is distinct from previous short-horizon contrarian
papers in that securities are included in a portfolio only when they satisfy the ﬁlter.
To provide the potential investor a sense of trading activity, the number of weeks that
a portfolio trades out of a possible 1294 weeks is reported in Exhibit 2. At a ﬁlter of
0% to 22%, the strategy traded 1279 weeks with an average of nineteen securities
per portfolio (the number of securities per portfolio is not reported in Exhibit 2).
However, for the largest magnitude loser portfolio (,10% previous week’s return),
the strategy traded only 477 weeks with an average of 2.94 securities per week.
Another consideration for traders implementing this strategy is the growth in the
number of REIT securities across the sample period. For instance, the 22% to 24%
portfolio was comprised of an average of four, nine and ﬁfteen securities per week
during the decades of the 1970s, 1980s and 1990s, respectively. This trend in the
number of securities in a moderate long portfolio is consistent with other ﬁlter levels.10
Consistency of Returns over Longer Horizons
In addition to examining the magnitude of reversals at the weekly horizon, this article
aggregates weekly returns over a long time horizon to examine the consistency of the
ﬁlter rule results. Lehmann (1990) and Mei and Gao (1995) examine longer horizon
J period returns, where J ranges from four to ﬁfty-two weeks. Exhibit 3 presents the
results of one, four, thirteen and ﬁfty-two week non-overlapping horizon returns for322 JOURNAL OF REAL ESTATE RESEARCH
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the long- and short-position strategies. The average J-week horizon return to portfolio
p is calculated as )] 2 1. The J week return is calculated for JJ R 5 [P (1 1 R pt 51 p,t
periods in which there is at least one weekly return. A zero-return value is assigned
to any missing return weeks within the J week period. Thus, the J-week aggregate
return is simply the return an investor would realize over J weeks by using this
article’s strategy of buying or selling securities based on their previous week’s returns,
holding the portfolio for one week, closing the position at the end of one week and
then repeating the process.
The results show that trading strategies using ﬁlters of greater magnitude and for
longer horizons produce returns that are more consistently proﬁtable than investments
using ﬁlters of lower magnitude at shorter periods. For example, at a one-week
horizon, returns are positive to the long-position strategy at the 0 and 22% ﬁlter for
approximately 57% of the weeks. This percentage of positive returns increases to 66%
for the ﬁlter of the most extreme losers. At the ﬁfty-two week horizon, the degree of
consistent proﬁtability for the more extreme loser ﬁlters attains levels of 80%–90%
with annual returns of between 50%–60%. This performance can be compared to the
annualized portfolio return of a buy-and-hold strategy composed of the component
assets (the individual REIT securities); those securities experienced positive returns
in 75% of the years and had an average annual return of 13.1%. The strategy using
a short-position produces consistent results, though not as strong. Overall, the
results reﬂect a ﬁlter-based strategy that experiences annual returns of approximately
35%–45% in excess of the unconditional REIT sample annual returns, a proxy for
a buy-and-hold strategy.
For the longer horizon returns, reported in Exhibit 3, a similar decrease in consistency
occurs between the full ﬁve-day t 2 1 return strategies and the skip-day strategies as
seen at the weekly horizon. However, the relatively lower ﬁfty-two week returns of
the more extreme loser ﬁlters may be caused by the methodology. Speciﬁcally, a zero-
return is designated for periods when the trading strategy does not form portfolios.
Yet, the overall pattern of predictability among the skip-day portfolios yields large
returns with a high degree of consistency at the longer horizons even after controlling
for negative autocorrelation arising from the bid-ask bounce.
Alternative Weighting Methodologies
To provide additional information about the size and patterns of returns produced by
the ﬁlter-rule methodology, this section contrasts the attributes of this portfolio
formation technique to the techniques used in earlier studies. The approaches used to
form portfolios in previous articles are based on relative cross-sectional rankings of
lagged-returns. One possible disadvantage of these weighting techniques is that they
include all securities in their portfolios. The presence of such a large number of
securities may imply that many securities will contribute primarily to increasing
transaction costs instead of adding to proﬁt levels.
To compare these results directly with other methodologies, portfolios are formed
using the current data sample and the contrarian portfolio weights similar to LehmannREAL ESTATE SECURITIES AND A FILTER-BASED, SHORT-TERM TRADING STRATEGY 325
(1990), Lo and MacKinlay (1990), Conrad, Hameed and Niden (1994) and Mei and
Gao (1995). Two weighting schemes are tested. The ﬁrst comparison incorporates
market-adjusted returns to construct portfolio weights. In this case, the weight given
to security i during week t for a portfolio of past losers or winners is:
2[R 2 R ] i,t21 t21 w 5 (2) N p,i,t p
[R 2 R ] O i,t21 t21
i51
where p indicates a long or short portfolio and is the average weekly cross- Rt21
sectional return at time t 2 1 for all REITs in the sample. The second weighting
scheme employs unadjusted or not-market-adjusted returns to construct the weights:
2Ri,t21 w 5 (3) N p,i,t p
R O i,t21
i51
where p is a long or short portfolio and Ri,t21 is the security i weekly return for time
t 2 1. Portfolios are formed so that the weights of both the long and short portfolios
sum to one.
The average weekly return for the ﬁrst weighting method is 1.12% for the long-
position and 20.47% for the short-position. The results for the second weighting
scheme, which does not employ market-adjusted returns, is 0.94% per week for long
portfolio and 20.70% per week for the short portfolio. Using skip-day returns, the
ﬁrst weighting method has returns of 0.32% (20.19%) for the long (short) portfolio
while the second weighting method produces returns of 0.58% (0.07%) for the long
(short) position. In general, the portfolios based on the ﬁlter rule’s more extreme price
movements are statistically greater than the returns generated by the alternative
weighting schemes. For example, a test in differences of means between the less than
210% ﬁlter portfolio, and the loser portfolio of the ﬁrst weighting method using ﬁve
days in week t 2 1 is signiﬁcant (x2 5 8.8, p , .01).11 Thus, one interpretation of
the differences in returns between the ﬁlter portfolios and the relative cross-sectional
weighting portfolios is a conﬁrmation of DeBondt and Thaler’s second hypothesis;
the more extreme the initial movement in a REIT’s price, the greater will be the
subsequent price reversal.
This direct comparison suggests that although alternative methodologies give
somewhat greater weight to larger overreactions, the variation in weights is not
sufﬁcient to offset the inclusion of all securities in the portfolios. Essentially, the
previous studies’ weighting schemes may obscure the search for proﬁtability by not
speciﬁcally searching for securities that overreact. In contrast, by investing in
securities that meet ﬁlter constraints on the level of last week’s price movement and
then forming equally-weighted portfolios, the ﬁlter method identiﬁes the securities
that overreact and eliminates those securities whose minimal price movements may
be noise.326 JOURNAL OF REAL ESTATE RESEARCH
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A potential advantage of the methodologies used in earlier articles is that they invest
every week, thus they may have greater longer-horizon returns although, in most cases,
they have lower weekly average proﬁts. For example, the most proﬁtable ﬁfty-two
week return horizon from the previous overreaction weighting methods is from the
ﬁve-day Lehmann weighting method portfolio, which has an average ﬁfty-two week
return of 93.4% and experiences positive returns in twenty-three of twenty-ﬁve years
(not reported in the exhibits). The returns of this long-position portfolio outperform
the 58% return on the largest magnitude ﬁlter over a ﬁfty-two week horizon. Thus,
the Lehmann portfolio, with a lower average weekly return, outperforms the ﬁlter
portfolio at the ﬁfty-two week horizon for strategies based only on ﬁve-day week
t 2 1 returns.
However, the returns decline when the skip-day approach is applied to the Lehmann
strategy, producing an average ﬁfty-two week return of 16.9% and experiencing
positive returns in nineteen out of twenty-ﬁve years. As such, many of the portfolios
in Exhibit 3 using middle to extreme value ﬁlters experience as great or greater ﬁfty-
two week returns than that of the skip-day Lehmann portfolios. Thus, although the
cross-sectional weighting method is invested every week, it does not appear to
outperform many of the more moderate to extreme ﬁlter strategies at longer return
horizons for the skip-day portfolios.
A possible explanation for the strong results favoring a ﬁlter-based method of trading
in real estate securities is related to the underlying asset. Studies such as Mengdon
and Hartzell (1986) and Liu and Mei (1994) have documented differences in the return
generating process for real estate securities relative to other common stocks,
speciﬁcally small capitalization issues. The consensus is that cash ﬂow variability is
more signiﬁcant in explaining real estate security returns than discount process
changes. Thus, short-term overreaction may be greater in real estate securities because
changes in cash ﬂows are more idiosyncratic than discount changes. Likewise, industry
leaders such as Roulac (1988) argue that real estate markets are perceived by analysts
to be complex since the valuation of real estate securities is often considered difﬁcult
and costly.
Execution, Transaction Costs and Liquidity
Transaction costs may seriously affect the proﬁtability of both the previous articles’
weighting schemes and the ﬁlter portfolios. Portfolios formed from either type of
weighting strategy undergo considerable rebalancing, thus transaction costs are of
paramount importance. For example, many of the intermediate to more extreme ﬁlters
earn weekly proﬁts of 1%–2% per week invested. If one assumes that the portfolios
completely turn over every week, then the implied transaction costs to equate the ﬁlter
returns to the sample’s unconditional mean weekly return of 0.27% is approximately
0.7%–1.7% per round-trip. In contrast, the implied transaction costs to equate the
returns from portfolios formed on this paper’s sample using previous articles’portfolio
weights to the unconditional mean weekly return range from 0.05%–0.85% per round
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An important issue is whether these projected costs are large relative to trading costs
faced by investors. While commission costs may be relatively low, the more important
components of transaction costs likely relate to implicit trading costs such as effective
bid-ask spreads and price pressure effects. Keim and Madhavan (1997) report round-
trip total execution costs of 0.96% (price impact, bid-ask spreads, and commission
costs) calculated from actual trades placed by twenty-one institutional investors on
the next-to-smallest quintile of NYSE securities, which are close in average size to
this REIT sample, over the 1991 to 1993 period for medium-sized trades ($24,000
average trade size). Thus, it is likely that a trader facing the above transaction costs
could successfully implement the ﬁlter strategies for these medium sized trades, but
the prior articles’ proﬁts would most likely not be proﬁtable net of transaction costs.
This ﬁnding that the previous articles’ portfolio weighting methodologies do not result
in proﬁtable trading net of realistic transaction costs is consistent with Mei and Gao
(1995). They ﬁnd that for one-way trading costs of over 0.5%, the contrarian strategies
they examined would most likely not be proﬁtable.
To the extent that an investor places relatively small orders so that price pressure
effects are minimized and to the extent that an investor is skillful in the use of limit
orders to minimize bid/ask spreads, then the trading costs may well be limited to
commission costs.12 In these cases, the trader may be able to proﬁtably trade both
the ﬁlter strategies and prior articles’ strategies. Recent quotes from Internet trading
sites (e.g., www.etrade.com) list one-way commission costs for limit orders at
approximately $19.99 for 5000 shares or $0.008 per share/round-trip. Based on the
average REIT price in the sample of $15.43, round-trip commission costs would
equate to 0.05%, suggesting that both the ﬁlter strategies and relative cross-sectional
weighting strategies of the prior articles would be proﬁtable. However, if an investor
attempts to place orders for larger size trades, then the evidence above indicates that
much of the proﬁtability from the cross-sectional weighting method and the less
extreme ﬁlter strategies will probably not survive the likely trading costs. Overall,
both the ﬁlter and cross-sectional strategies are likely to be affected by transaction
costs. The magnitude of this effect will depend on the trader’s skills in obtaining
favorable spreads and lessening the price impact of the trades.
An additional consideration for executing the ﬁlter strategy involves the depth or,
more generally, the liquidity of the securities being traded. This study examines trade-
week liquidity based on volume to provide additional analysis in determining whether
the securities selected at various ﬁlters experience unusual conditions that may affect
the proﬁtability of the portfolios. Thus, this article uses three measures of trading
volume to proxy for liquidity. The volume in week t 2 1, week t, and opening trade-
day volume (the ﬁrst day of week t) are divided by the previous forty weeks’ average
to give three relative volume measures. The premise is that extremely large or small
relative volume in the trade week may result in greater microstructure problems and
hence lower proﬁtability or greater impediments to implementing the ﬁlter portfolios.
The speciﬁc results for the long- and short-position strategies are not reported here,
however, the general interpretation is as follows.13
The pattern that emerges is one of increasing opening day, week t 2 1, and week t
volume as the ﬁlters are raised for both long- and short-portfolios. For example, long328 JOURNAL OF REAL ESTATE RESEARCH
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portfolios formed at the lowest ﬁlter level, between 0 and 22%, experience weekly
volume for all three measures close to their trailing forty week means (1.09, 1.02 and
1.05 for open day, week t 2 1 and week t, respectively). For the intermediate level
ﬁlters, there is a steady increase in trade-week volume, but many of the volume
averages remain relatively low in a 1.1 to 1.5 range. In contrast, the portfolio formed
from the extreme long-position ﬁlter, less than 210%, experiences increases in volume
of approximately twice the normal weekly volume (2.57, 2.50 and 1.70 for open day,
week t 2 1 and week t, respectively). In addition, the skip-day strategies reﬂect similar
patterns of increased relative volume as compared to the ﬁve-day strategies.
It may be difﬁcult to determine whether the higher volume at the more extreme ﬁlters
will signiﬁcantly impede the execution of the ﬁlter strategies. For example, the long-
position strategy with the highest trade week opening day relative volume is the less
than 210% skip-day ﬁlter. Although its opening day volume is 2.64 times normal
volume, it is still well within one standard deviation of the unconditional opening day
relative volume.14 Overall, the analysis of trade-week volume measures shows that
many of the intermediate ﬁlter strategies and even some of the more extreme ﬁlter
strategies do not experience trade-week volume much greater than one standard
deviation away from their unconditional means. These results imply a liquid REIT
market in which a trader could execute a majority of the ﬁlter strategy trades at
relatively favorable bid-ask and price pressure conditions, especially since the trader
would most likely be helping to supply liquidity on the opposite side of the majority
of orders.
Additional Evidence Based on Recent Trends in the REIT Market
An interesting empirical question is whether these results are robust given the recent
trends in the REIT market toward larger, growth-oriented REITs. To address this
concern, additional evidence is provided on the proﬁtability of ﬁlter strategies by
focusing on the characteristics of REIT size as measured by market equity and on
REITs that have traded exclusively in the 1990s.
Exhibit 4 reports the results for the ﬁlter strategy applied to REITs with a market
capitalization in excess of $100 million. For comparison, Exhibit 4 repeats the returns
for the full sample of REITs. Generally, there is not a signiﬁcant difference between
the trading proﬁts associated with larger REITs and the full sample, with the exception
of portfolios formed from the most extreme loser ﬁlter. In contrast, the returns from
the 1990s suggest that a ﬁlter-based, contrarian strategy is potentially more proﬁtable
than during earlier periods. This result is consistent with Ling and Ryngaert’s (1997)
argument that the valuation uncertainty associated with REITs persists in the 1990s.
Conclusion
This article examines a short-term trading strategy based on a ﬁlter methodology that
exploits the behavior of real estate returns. Striking evidence of large contrarian
portfolio returns emerge when securities are grouped according to the magnitude of
previous returns. In a comparison with earlier methodologies (Mei and Gao, 1995),330 JOURNAL OF REAL ESTATE RESEARCH
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this strategy yields generally larger trading proﬁts, even when controlling for
microstructure issues such as the bid-ask bounce. The pattern of relatively large
magnitude ﬁlter-based contrarian proﬁts exists over different time horizons, from
weekly to ﬁfty-two week periods. Additionally, the proﬁts from the ﬁlter strategies
appear to survive the inclusion of transaction costs, with the 1990s being an especially
proﬁtable period.
The authors offer the idiosyncratic nature of real estate cash ﬂows (Mengdon and
Hartzell, 1986; and Liu and Mei, 1992), as a possible explanation for the economic
success of the ﬁlter-based, short-term trading strategy.15
Endnotes
1 The emphasis is added by the authors.
2 Bharati and Gupta (1992), Liu and Mei (1992), Darrat and Glascock (1993), Mei and Liu
(1994), Li and Wang (1995) and Nelling and Gyourko (1997).
3 Speciﬁcally, Lehmann cites work by Sims (1984). Sims hypothesizes that as time intervals
shorten, prices should follow a random walk because there should be few systematic changes
in valuation over daily and weekly periods if information arrival is unpredictable.
4 Other articles that used variations of the ﬁlter-rule method include Fama and Blume (1966),
Sweeney (1986, 1988), Brown and Harlow (1988), Lakonishok and Vermaelen (1990), Bremer
and Sweeney (1991), Corrado and Lee (1992), Cox and Peterson (1994) and Fabozzi, Ma,
Chittenden and Pace (1995). Speciﬁcally, Fama and Blume (1966) examined ﬁlter rules on the
Dow Jones thirty stocks and concluded that while some of the ﬁlter rules they examined
produced returns superior to a buy and hold strategy, the inclusion of transaction costs
eliminated the proﬁts. Sweeney (1988) reexamined the Fama and Blume work and claimed to
ﬁnd proﬁtable trading rules by optimizing the security selection process. Sweeney (1986)
examined ﬁlter-based trading strategies on the foreign exchange markets and Lakonishok and
Vermaelen (1990) employed ﬁlter rules to predict returns to repurchase tender offers. Contrarian
ﬁlter rule papers include Bremer and Sweeney (1991), Corrado and Lee (1992) and Cox and
Peterson (1994) who all examined daily return ﬁlter strategies. Fabozzi, Ma, Chittenden and
Pace (1995) used ﬁlters to examine intraday reversals, while Brown and Harlow (1988)
examined longer horizon return behavior via ﬁlters.
5 Past short-horizon contrarian articles’ inclusion of all securities in their sample was likely an
intentional device designed to examine evidence of market-wide security behavior while
minimizing the portfolio weights placed on large-magnitude, prior-period winners and losers.
The pros and cons of previous articles’ weighting methods are contrasted in a later section with
this article’s ﬁlter weights.
6 For each combination of ﬁlter values, the securities whose weekly returns meet those levels
are formed into equally-weighted portfolios during week t. Thus, the weight for security i in
week t is:
1
w 5 , i,t Nk,t21
where Nk,t21 is the number of securities that meet a speciﬁc ﬁlter level, k, during the previous
week’s trading as deﬁned in Equation (1).REAL ESTATE SECURITIES AND A FILTER-BASED, SHORT-TERM TRADING STRATEGY 331
7 This study follows the practice of other short-horizon contrarian papers and reports mean equal
to zero t-Statistics. t-Statistics (not reported) are also calculated by subtracting the unconditional
weekly mean return of the sample from the return of each ﬁlter portfolio and ﬁnd that this
measure of excess returns produces little variation in the reported t-statistics. As a further test
of the null hypothesis and similar to Lehmann’s (1990) methodology, this study examines how
consistently proﬁtable the ﬁlter portfolios are over longer horizon J-period returns, where J
ranges from four to ﬁfty-two weeks.
8 See Lehmann (1990), Lo and MacKinlay (1990), Conrad, Hameed and Niden (1994), Mei
and Gao (1995) and Conrad, Gultekin and Kaul (1997).
9 Conrad, Gultekin and Kaul (1997) and Lo and MacKinlay (1990) found that the proﬁt
decomposition originally derived in Lehmann (1990) indicated that contrarian strategies that
base their weights on a security’s deviation from an equally-weighted index of those securities
result in a large percentage of proﬁts attributable to positive autocovariances of the returns of
the component assets.
10 Additional analysis was performed on the trading activity of an individual security, Bershire
Realty. This security was selected because its market equity ($243 million as of the end of the
sample period) and return characteristics seemed typical for the sample during this period. The
analysis shows that a trader following this article’s strategy would include Bershire Realty in
their moderate (24% to 26%), long portfolio fourteen times during the 1990s and an additional
fourteen times in their moderate (4% to 6%), short portfolio. The average weekly returns for
this security alone were 1.96% for the long portfolio and 21.17% for the short position.
Although this security lost money in only ﬁve out of twenty-eight weeks of trading, it is
important to emphasize the notion that this strategy is intended for portfolios, not individual
securities.
11 The results of further comparisons are available from the authors.
12 The extreme ﬁlter portfolios may experience relatively smaller transaction costs than the more
moderate ﬁlter portfolios. Lehmann (1990) hypothesizes that a security that is a big winner
(loser) may have a majority of buy (sell) orders being executed at the ask (bid). Thus, a
contrarian trader who wants to sell short (go long) the winners (losers) might actually be able
to open a position closer to the ask (bid) than would normally be possible. This effect could
be stronger for bigger winners and losers, resulting in smaller than normal effective bid-ask
spreads at more extreme ﬁlter levels.
13 In order to conserve space, this exhibit is not shown. A copy may be obtained from the
authors.
14 The unconditional ﬁrst day of the week relative volume has a mean of 1.19 and a standard
deviation of 4.50.
15 This article is an extended version of the ﬁrst half of an earlier working paper (Cooper,
Downs and Patterson, 2000). The second half of the earlier working paper has been revised to
focus on the price dynamics associated with trading strategies examined in this study.
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